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Wadi-DamaAbstract This study was conducted to monitor and assess drought conditions in Wadi-Dama,
north KSA, during the years 1990 and 2013. This study is based on satellite remote sensing data
analysis and GIS technology for drought severity assessment using the Water Supplying
Vegetation Index (WSVI) obtained from Landsat 5 and Landsat 8 data.
The result of this study revealed that satellite remote sensing data offer very useful information
for assessing and monitoring drought conditions in Wadi-Dama.
 2015 National Authority for Remote Sensing and Space Sciences. Production and hosting by Elsevier
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/
by-nc-nd/4.0/).1. Introduction
Drought is defined as a deficiency of precipitation over an
extended period of time resulting in water shortage that causes
extensive damage to crops (Keshri et al., 2009).
A climatic anomaly is characterized by a deficient supply of
moisture resulting either from subnormal rainfall, erratic
rainfall distribution, higher water needs, or a combination of
any/all of these factors (GIS, 2006). A drought is a term rela-
tive to normal conditions while water shortage is an absolute
term for water demand (Obi Reddy et al., 2001). Drought
harshness depends upon the degree of moisture deficiency,
duration, and the size of the affected area. Drought is an insid-
ious natural hazard characterized by lower-than-expected or
lower-than-normal precipitation that, when a season or longer
period extended over, is insufficient to meet the demands ofhuman activities and the environment (Diego Renza et al.,
2010). Several drought indices utilize ground-based measure-
ments. Some indices are based on energy-balance models,
whereas other indices use space-borne data, either solely or
in combination with energy-balance models (Heim, 2002) to
determine the meteorological, agricultural, hydrological, and
socio-economic aspects of drought (Nagarajan, 2010).
Drought can be monitored through either ground observa-
tion or remote sensing. Ground observation is a direct and
accurate method for drought monitoring, but it takes a large
amount of time for obtaining information in large regions,
and is labor intensive and very expensive. In contrast, remote
sensing from space represents a fast and economic method for
drought monitoring, but it requires the development of an
applicable approach for the region under study.
Drought is one of the major natural hazards affecting the
environment and economy and worldwide sustainable develop-
ment (Albert et al., 2002a). Saudi Arabia is located in the hyper
arid region of the world, where evapotranspiration exceeds hun-
dred times the rainfall. The struggle against drought and deser-
tification receives a high national priority to sustain
development in such desert regions. Facing the drought impacts,
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information networks and technical and institutional capacities.
Thus, the need for proper estimation of drought magnitude and
its impact is greatly important in planning sustainable develop-
ment, economy and environmental sensitivity. Thus, satellite
images are used, in the current article, to test its importance in
the quantitative assessment of drought impacts.
Tourism is strongly connected to environment and climate.
It is negatively influenced by drought, however considered a
contributor to greenhouse gas emission (Beatley, 1998).
Nature tourism, as a travel or vacationing to natural areas
with a focus on wildlife, characterizes Wadi Dama which is a
beautifully colored sand stone area, deeply cut by the wadies
and tributaries. Wild life, including rare animals, plants and
fish are predominant in the area (Vijayan et al., 2013).
Assessment of drought will maintain and serve the seasonal
tourism marketing.
1.1. Study objectives
In this study, we aim to assess drought through satellite remote
sensing data analysis and GIS technology. It uses fundamental
physical properties relating to wavelength measurements in the
visible (red), near infrared, short-wave infrared, and thermal
infrared, and drought indices WSVI (Water Supplying
Vegetation Index), NDVI (Normalized Difference Vegetation
Index), and LST (Land Surface Temperature).
1.2. Study area
Wadi-Dama is located in northwest KSA (Fig. 1), between
27–28 N and 35–37 E. The elevation ranges from 1 to
2200 m above sea level (Fig. 2) and the basin area is
1939 km2. The length of the basin is 125 km and the regression
average is 13.4 m/km.
1.3. Data
Data were obtained from the USA Landsat 5 and Landsat 8
earth observation satellites. This study used two satellite
images, one from the Landsat Thematic Mapper (TM) scenesFigure 1 Location ofrom Landsat 5, and the other from the Operational Land
Imager (OLI) from Landsat 8. The metadata for the satellite
images are shown in Table.1.
The Landsat-5 TM data are scanned simultaneously in
seven spectral bands. Band 6 scans the thermal infrared radia-
tion. The Landsat-8 OLI data are scanned simultaneously in
eleven spectral bands. Bands 10 and 11 scan the thermal infra-
red radiation.
2. Methodology
Remote sensing, by using satellite data, has proven to be a
rapid growing maturing technology, operationally integrated
with other disciplines such as photogrammetry, cartography,
geodetic reference systems, global navigation satellite systems
(GNSS), and Geographic Information Systems (GIS). The
use of remote sensing data has a number of advantages in
examining the effects of drought on vegetation. These include
their ability of covering large areas and the ease in obtaining
these data at different times for the same area, providing
multi-temporal measurements (Nations Office for Outer
Space Affairs, 2010).
Data were obtained from LANDSAT TM and OLI and
processed using ERDAS IMAGINE 2013 and ArcGIS 10.0
software.
2.1. Generating indicative indices
2.1.1. Normalized Difference Vegetation Index (NDVI)
The Normalized Density of Vegetation Index (NDVI) is one of
themost successful indices for simple and quick identification of
vegetated areas and their ‘‘condition”. It is themost well-known
and used index for detecting live green plant canopies in multi-
spectral remote sensing data (Vikram Agone and Bhamare,
2012). The NDVI from Landsat data has been extensively used
for vegetation monitoring, crop yield assessment, and drought
detection (Benedetti and Rossini, 1993). The NDVI is
calculated as (NIR  RED)/(NIR + RED), where NIR is the
reflectance radiated in the near-infrared waveband and RED
is the reflectance radiated in the visible red waveband of the
satellite radiometer (Justice et al., 1985; Rouse et al., 1974).f the study area.
Figure 2 Topography of the study area.
Table 1 Metadata of the satellite images used in this study.








Landsat 5 TM 31–8–1990 173 41 WGS84 WGS84 UTM +36
Landsat 8 OLI 30–8–2013 173 41 WGS84 WGS84 UTM +36
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The (NDVI) was derived, using bands 3 and 4 of Landsat 5,
while bands 4 and 5 of Landsat 8. The NDVI results were
divided by the LST to determine the drought level. The data
were classified into five main categories and applied to all anal-
yses and the results were compared. The methodology frame-
work is presented in Fig. 3.
Comparing the NDVI values is a useful way for removing
seasonal vegetation changes, facilitating the historical interpre-
tations of vegetation cover changes (Albert et al., 2002b).
Calculations of NDVI for a given pixel always result in a
number that ranges from minus one (1) to plus one (+1).
Zero indicates no vegetation and +1 (0.8–0.9) indicates the
highest possible density of green leaves (John Weier and
David Herring, 2000).
Negative values generally represent clouds, snow, water,
and other non-vegetated surfaces, and positive values representvegetated surfaces. The NDVI relates to the photosynthetic
activity of living plants. The higher the NDVI value, the more
‘‘green” the cover type. In other words, the NDVI increases as
the quantity of green biomass increases, (Deering et al., 1975).
2.1.2. Water Supplying Vegetation Index (WSVI)
The Water Supplying Vegetation Index (WSVI) is one of the
indices developed to combine the NDVI and temperature
(Land Surface Temperature) data to detect moisture condi-
tions. WSVI values range from 4 for extreme drought to
+4 for highly moist conditions (Luke et al., 2001). WSVI is
expressed as shown below (Xiao et al., 2002).
WSVI ¼ NDVI=LST
To generate the WSVI and to determine the drought levels,
the thermal bands of Landsat 5 and 8 were used to extract the
radiance and brightness temperature. The brightness tempera-
ture was combined with surface emissivity to derive the Land
Surface Temperature (LST).
Figure 3 Methodology framework.
Figure 4 Drought distribution in 1990.
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Table 2 Values of LMIN and LMAX.
Parameters LMIN LMAX
Landsat-5 TM P/R-173/31 (31–8–1990) 1.238 15.303
Landsat-8 OLI P/R-173/31 (30–8–2013) 0.100 22.001
Table 3 Thermal band calibration constants.




Landsat 5 607.76 1260.56
Landsat 8 774.89 1321.08
Assessment of drought conditions in Wadi-Dama S472.1.3. Land Surface Temperature (LST)
Land-Surface Temperature (LST) can be defined as the ther-
mal emission from a land ‘‘surface”, including the top of a
canopy for vegetated surfaces as well as other surfaces (such
as bare soils) (Ahmad et al., 2006). It controls surface heat
and exchange of water with the atmosphere. Estimation of
LST from the infrared radiometers of satellites has proven use-
ful. Most studies have focused on the use of polar orbitingFigure 5 Drought disatellite systems because of their high spatial resolution (Sun
and Pinker, 2004).
For estimating LST from satellite thermal data, the digital
number (DN) of image pixels needs to be converted into spec-
tral radiance using sensor calibration data (Markham and
Barker, 1986).
For the Landsat images, ‘‘GeoTIFF with Metatdata” for-
mat needs to be manually converted to radiance. There are
two methods that can be used to convert DN’s to radiance;
the method used depends on the scene calibration data avail-
able in the header file. One method uses the Gain and Bias
(or offset) values from the header file. The formula for convert-
ing DN to radiance using gain and bias values is
CVR ¼ GðCVDNÞ þ Bwhere: CVR = cell value as radiance.
CVDN = cell value digital number.
G= gain value for a specific band.
B= bias value for a specific band.
The other method, which is longer, uses the LMin and
LMax spectral radiance scaling factors. These two methods,
represented by the following equations, have been adapted
from the USGS Landsat Users Handbook. The formula for
converting DN to radiance using LMIN and LMAX values is
L ¼ LMINþ ðLMAX LMINÞDN=255stribution in 2013.
Figure 6 Transects showing an increase in drought levels (1990–2013).
Figure 7 Land Surface Temperature in 1990.
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Figure 8 Land Surface Temperature in 2013.
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LMIN= minimum spectral radiance of DN value
LMAX=minimum spectral radiance of DN value
DN= digital Number
Once the DN’s for the thermal bands have been converted
to radiance values, the inverse of the Planck function can be
applied to derive the temperature values.







where: T= effective at-satellite temperature in Kelvin.
K2 = calibration constant 2 from Table 3.
K1 = calibration constant 1 from Table 3.
Lk = the cell value as radiance.
The temperatures values are estimated in degree Kelvin and
then converted to degree Celsius.
TðCelsiusÞ ¼ TðKelvinÞ  2732.2. Change detection
Usage of multi-temporal satellite images in detecting changes
in land cover is extremely important for understanding rela-
tionships and interactions between human and natural phe-
nomena (Burns et al., 1981). The outcomes of such analyses
may support better decision making. Many change detection
techniques have been developed (Bolstad and Lillesand,
1992), however no single approach is optimal and applicable
to all cases. Image differencing, principal component analysis
and post-classification comparison are the most common
methods used for change detection. Recently, spectral mixture
analysis, artificial neural networks and integration of geo-
graphical information system and remote sensing data have
been applied for change detection applications (Bischof et al.,
1992; Fung and LeDrew, 1987; Benediktsson et al., 1990). In
practice, different algorithms are often compared to find the best
change detection results for a specific application.
Post classification change detect technique (Reihaneh,
2010) was applied on the digital supervised classified images
of the study area. The changes of drought categories, occurred
during the period 1990–2013, were monitored and interpreted.
Figure 9 Change in temperature from 1990 to 2013.
Figure 10 Graph showing the change in LST values between 1990 and 2013.














1990 304 763.282 31 837.309 3
2013 734 334.127 288.452 572 10.350
% (1990) 16 39 1.6 43 0.2
% (2013) 38 17 15 29.5 0.5
S50 A.Y. Alshaikh3. Results
3.1. Drought classification
Drought in the study area was classified into five categories (i.
e. extreme drought, severe drought, moderate drought, slight
drought, and no drought).Figs. 4 and 5 show the drought conditions in 1990 and
2013, respectively.
This study shows that Wadi-Dama was more susceptible to
drought in 2013.
The results indicate that in 2013, 38% and 17% of the
study area experienced extreme drought and severe drought,
respectively.
In 1990, 16% and 39% of the study area experienced
extreme drought and severe drought, respectively, as shown
in Table 2.
The results show that approximately 22% of the land under
severe drought turned into extreme drought land, approxi-
mately 14% of the land under slight drought turned into mod-
erate drought land, approximately 13% of the land under
moderate drought turned into severe drought land, and only
approximately 0.4% of the land under slight drought turned
into wet land (the vegetation in farms that are near or close
to forested areas).
Table 5 LST values in 1990 and 2013.
No. Coordinates 1990 2013 No. Coordinates 1990 2013
1 3622033.92500E 2738011.43900N 38 45 16 3635053.3700E 2731058.43100N 44 46
2 3621052.81400E 2739029.95200N 31 38 17 3634012.42600E 2732051.93800N 40 46
3 3621015.35000E 2738024.99800N 35 42 18 3635056.25300E 2730049.51800N 39 44
4 3620021.98100E 2737055.09200N 47 51 19 3633049.90700E 2731056.83300N 38 43
5 3619034.92100E 2738047.22800N 43 48 20 3632026.86700E 2730051.85200N 38 45
6 3617022.03400E 2739023.43400N 44 47 21 3631003.68000E 2731031.13100N 39 42
7 3617049.14500E 2738041.35500N 27 34 22 3632042.04900E 2732008.10500N 35 43
8 3616050.39900E 2738005.93500N 49 52 23 3631013.06600E 2732033.03500N 37 41
9 3643030.07200E 2725046.47700N 28 34 24 3629022.56700E 2731033.23300N 35 32
10 3641053.08900E 2726016.31200N 26 33 25 3641052.21800E 2728009.21200N 25 37
11 3641028.17600E 2725026.06400N 29 37 26 3640042.61100E 2728042.23100N 29 45
12 3639013.73300E 2726041.09200N 47 49 27 3639047.34900E 2729024.71900N 43 34
13 3639006.94000E 2725044.09100N 44 48 28 3639002.92200E 2728033.62900N 27 47
14 3638043.41400E 2724043.53700N 35 40 29 3637050.34600E 2727045.34700N 45 48
15 3637022.54500E 2725031.18400N 42 48 30 3637030.68300E 2729007.92900N 44 51
Table 6 LST and NDVI values.
No. Coordinates NDVI LST No. Coordinates NDVI LST
1 3634019.38600E 273800.57200N 0.06 42 9 3621004.64900E 2728014.73000N 0.028 43
2 3634022.56300E 2738002.51800N 0.08 43 10 3622029.17500E 2742014.62000N 0.011 38
3 3634015.76800E 2738000.49800N 0.362 38 11 3631026.15300E 2738002.18000N 0.169 35
4 3634010.18600E 2738002.95700N 0.266 39 12 3618018.28000E 2733031.86000N 0.109 49
5 3620032.24600E 2727042.68000N 0.161 45 13 3622006.22300E 2725038.81000N 0.120 51
6 3622031.35800E 2742018.64000N 0.105 37 14 3621056.59300E 2725027.52000N 1.124 50
7 3614046.57300E 2722017.77000N 0.077 43 15 3635011.39100E 2727008.88000N 0.127 48
8 3625055.24200E 2736034.50000N 0.218 38 16 3604004.39200E 2713031.09900N 0.118 46
Figure 11 Graph showing the correlation coefficients between LST and NDVI.
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drought levels within the study area from 1990 to 2013.
It can be generally observed that the Wadi Dama area is
experiencing a severe change toward more droughts. The
change may be attributed to both climate changes and human
influence, as agreed by Al-Taher (1994). Overgrazing and non-
rationalized use of available water resources may lead to more
drought conditions. Operational ground observation systemmay validate remotely sensed findings with truth related to
drought magnitudes and reasons.3.2. Land Surface Temperature (LST)
The LST derived from the thermal bands of the satellite data is
a key variable for drought assessment, providing information
S52 A.Y. Alshaikhabout the region’s surface temperature. Figs. 7 and 8 show
the LST in 1990 and 2013, respectively. In 1990, the LST of
the study area ranged between 21 C and 50 C. In 2013, the
LST of the study area ranged between 30 C and 55 C.
Fig. 9 shows the change in temperature for 31 locations.
Table 5 shows the temperature at the 31 locations. The results
indicate that temperature at all the locations, from 1990 to
2013, increased by 5 C. The average temperature in 1990
was 38 C and the average temperature in 2012 was 43 C.
Fig. 10 shows a graph of the change in LST values between
1990 and 2013.
It can be stated that the obtained results coincide with facts
found by Shakhawat and Al-Zahrani (2013) that there has
been strong warming over the Arabian Peninsula over the per-
iod 1960–2010. However, other studies (Alqurashi et al., 2014)
referred that Saudi Arabia is undergoing climate changes. It
highlights that by the end of 2050 parts of the country will
be hotter and have reduced precipitation, which could affect
agricultural productivity. It predicts that average temperatures
in Saudi Arabia could increase by as much as four degrees
Celsius, increasing agricultural water demands by up to 15
per cent to maintain current productivity levels (see Table 6).
3.3. Correlation between NDVI and LST
Table 4 shows the LST and NDVI values at 16 locations
within the study area, and the correlation coefficients between
the LST and NDVI.
Fig. 11 shows a graph of the correlation coefficients
between LST and NDVI. The correlation between LST and
NDVI is negative, and R2 = 0.623.
4. Conclusions and recommendations
The following facts could be concluded;
(1) The space technology application is one of the most
important methods for drought Assessment.
(2) Remote sensing indices are the most effective means to
detect and monitor earth surface globally.
(3) Should developing environmental policy play a substan-
tial role in the mitigation of droughts by decision-
makers in Wadi Dama.
(4) Should developing policies and strategies play a substan-
tial role in the recovery of wetlands and groundwater in
Wadi Dama.
(5) Wadi Dama is a tourist attraction in KSA, so it is a must
to maintain the vegetation cover and the water bodies.
It is recommended to apply an operational monitoring of
drought magnitudes and Land Surface Temperature, based
on multi-temporal satellite data. Such observations will have
a positive impact on sustainable development planning,
national economy, environmental conservation and tourism
marketing.
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